In analysis of general-purpose problems which involves many factors from different viewpoints, an important challenge is to acquire different opinions and distributed modeling templates from multiple remote experts, and to aggregate these templates. In order to deal with this problem, we developed the Distributed Cooperative Modeling System (DCMS) by integrating our achievements [1]- [5] . The paper introduces how to analyze a complex problem using DCMS, with distributed templates from multiple experts, historical templates based on statistical data, and trend templates deduced from historical data, with the example of analyzing "diversification of Macao industries"
Introduction
In order to assist the analysis of complicated generalpurpose problems and systems, we proposed the distributed modeling methodology and its networked supporting platform, the Distributed Cooperative Modeling System (DCMS) [1] , [2] . DCMS provides assistance in problem analyzing, decision making and teamwork organization, featuring distributed visual modeling.
Visual modeling is a commonly used method in developing large-scale systems, especially in software engineering. The visual modeling of a complex system or problem (e.g. the diversification of Macao industries) using DCMS involves construction of the visual templates, which are the graphical representation of the various elements (objects, relationships among the objects, weights/attributes of them, etc) of the problem.
With the usage of templates to structure the problem, DCMS can perform inferences on the problem and answer questions such as optimal solution selection, reasoning on direct or indirect relationship among the objects, as well as dividing and reorganizing of the template to understand complex models of the problem in multiple views and levels [3] . The aggregation by Analytical Hierarchy Process (AHP) for single template and Ordered Weighted Geometric (OWG) for multiple templates can determine the order of a set of elements and reach the conclusion among the templates [4] .
To facilitate data mining and time span analysis of the templates, DCMS has incorporated Pearson Linear Correlation, Monotonic Correlation [13] , [14] , Markov process and linear Gaussian [11] , [12] in the system, which provides the integrated supporting to mine the appropriate relations among elements in templates, analyze the status of the problem by historical data, and predict the trend of the problem with or without relevant actions. The distributed modeling usually involves multiple experts from many different sites. The DCMS also facilitates to overcome the difficulties of how to organize, cooperate, supervise, evaluate and optimize such distributed working of experts teams [2] , [5] .
The novelty of DCMS is the capability to analyze the general-purpose complex problems, by means of visual distributed modeling with mining on historical data and predicting the trend of the problem. The popular generalpurpose modeling is the systematic use of the Unified Modelling Language (UML), an industry standard for modeling software-intensive systems, but not for general-purpose complex problem analyzing [19] .
There exist many visual modeling tools such as PowerDesigner [8], Rational Rose [9] and VisSim [10] . PowerDesigner is the modeling tool with the strength on data modeling and database design. Rational Rose is closely designed for UML based development to produce visual models of software architectures, databases and system requirements. VisSim provides a method for constructing and simulating large-scale dynamic systems, control systems and digital signal processing, with powerful math engine for linear, nonlinear, continuous time and discrete time designs. However, the visual modeling with all of these tools is lacking the features of templates aggregation, mining on historical data and deduction of trend templates, which is worthy of analyzing problem with distributed teams.
The paper will briefly present how to analyze a problem using DCMS with distributed templates among teams, historical templates from statistical data and trend templates.
The DCMS Methodology of Analyzing Problems
The proposed methodology of analyzing problems by DCMS is: (1) Analyzing problems using distributed templates: Build the templates based on the historical data of the problem (e.g. the historical data of Macao Industries) with experts' own judgments; share, exchange the templates among the distributed teams; improve the distributed templates with Copyright c 2014 The Institute of Electronics, Information and Communication Engineers discussing and cooperating. (2) Analyzing problems using historical templates: Study direct, indirect relationships among the elements in the historical templates by the algorithm introduced in [3] ; mine the correlation through Pearson linear correlation, and monotonic correlation; aggregate the historical templates to understand the status of the problem (e.g. the rank of Macao industries) by AHP/OWG stated in [2] , [4] . (3) Analyzing problems using trend templates: Work out the trend of the elements in templates by Markov/Gaussian prediction and generate trend templates of the problem to see the future status; summarize the above information to design some actions (policies) on certain purposes (e.g. apply some related policies on some elements to modify the future rank of Macao industries); re-generate the trend templates to see the effects of the actions.
The above process can be performed according to the demand of the experts, for instance, in order to look into solutions for the following questions: What future status will be caused by a given action/policy? Which elements are related in historical and trend templates? What's the difference between different experts and teams?
Analyzing Problems by Distributed Templates
The templates built in DCMS can help the distributed experts to model their understanding of a certain problem by multiple graphical views. The objects and relationships are the semantic primitives of templates. The objects would be the goals, solutions and conditions of the problem. On the other hand, the relationship lines among the objects represent the semantic network in templates, which are essential in problem analyzing [6] . The notations and definitions of the objects and relationships are introduced in [1] , actually, the experts may extend the definitions of notations in DCMS to meet the requirements of their specific problem analyzing.
Using DCMS, the expert agents within a same department/team store their templates in both the local databases and the department database. The databases from different departments/teams could then be connected through internet. The templates can be distributed to the related agents and improved by knowledge sharing and synthesizing (see Fig. 1 ). Figure 2 is an instance showing a template regarding the status of Macao industries. The templates can support visual considering and researching complex models in multiple views and levels, as shown in Fig. 3 , in which the expert likes to see the divided views specific to "Financial" and "Employed population". Every object, line and number on the template can be double-clicked to edit/check the detailed note of unit, what, why, who, when, and other attributes.
Since analysis of large and complex problems usually calls for cooperative work of one or several teams, the system facilitates communication and work organization among distributed users [2] , [5] . By assigning softwareagents to supervise the corresponding expert-agents, the sys- tem records and organizes the working track of participants and provides statistical information to managers, helping in project management and supervision [5] , [7] .
Analyzing Problems by Historical Templates
The historical templates are built based on the historical data of the problem (e.g. the statistical data of Macao industries). For example, Fig. 2 is actually the historical template of Macao industries of year 2011. With analyzing a set of the historical templates, the experts usually want to look into the following questions: which elements are closely related with each other, which elements influences the elements of interest the most, how will changing of some elements affect others, and what conclusion can be drawn from these historical templates (for example, what's the rank of Macao industries according to the historical templates), etc.
The correlation analysis among multiple elements in templates can reveal their hidden relationship, enabling DCMS to assist experts to understand the above questions within templates more clearly. Most importantly, experts can use this information to adjust actions which are relatively easy to control and finally achieve regulation of certain objectives of interest of the problem. This is exactly the case in "the diversification of Macao industries" problem where no readily-made action collections are available. What's more, the number of possible actions is so huge that we probably can never traverse the solution space to test each solution and find the best policy. Besides, the industry diversification is a complicate problem which can hardly be handled without the above supporting.
One of the most widely used correlation analysis method is Pearson correlation coefficient [14] . It represents the linear correlation between two random variables, and could be easily extended to represent linear correlation of multiple variables and partial correlation of two variables with elimination of effects from other relative variables.
For multiple variables, after calculating correlation coefficient between each pair of variables, multi-variant correlation coefficient can be calculated between the dependent variable and multiple independent variables, and then partial correlation between the dependent variable and each of the independent variables will be computed, which allows us to select independent variables that have significant effect on the dependent variable step by step.
Further considering the function y = x 2 , x > 0. It is obvious that x and y are totally correlated, but if we compute linear coefficient on a random sampling of points on the function curve, the result could be much smaller than what we expect. Monotonic correlation [14] measures the extent to which that two variables change correspondingly without requiring a linear change rate. This is also called rank correlation. Two commonly used rank correlation coefficients are used here: Spearman's rank correlation coefficient and Kendall's tau rank correlation coefficient.
DCMS has implemented Pearson correlation coefficient, Kendall's tau correlation coefficient and Spearman rank to analyze correlation between any two elements in a set of the templates (e.g. indices of Macao of many years in a set of historical templates). On basis of these correlation analysis and historical data, experts can mine the right related information among the historical templates, which will definitely benefit the design of the effective and quantitative actions/policies on certain purpose.
For example, as shown in Fig. 4 , DCMS figured out the correlations between gambling revenue, gambling employee and number of free tourist following the historical templates from 2000 to 2007, so the experts can try policies "dropdown the free tourist from mainland of China" to control the growing of gambling. As per the regulation from right chart, the gambling employee will be about 52.5 thousands if the "free tourist" narrows around 11985.6 thousands, causing gambling revenue of 20747.6 million Macao dollars from left chart (the data in Chinese in the Fig. 4 . are directly from official original databases of Macao government).
Analyzing Problems by Trend Templates
The trend templates can be generated in DCMS by computing future trend of elements in the templates based on historical data. In the practical problem of Macao industry diversification, by predicting the possible values of important industrial indices supposing actions or no actions are taken, the expert can recognize the existing problems in current industry status and come up with corresponding solutions/actions/policies with trends of related elements on the templates. Markov Process has been proven very successful in many predictions [11] , [12] . By Markov, if P(X t+1 |x t ) denotes the probability distribution of state at time t+1 defined for each value in x t , which is the collection of possible state values at time t, the predicted distribution at time k starting from state x 0 will be
If the state variable is continuous rather than discrete, the summation on the right-hand side should be replaced by an integral. In DCMS, prediction for discrete variable and continuous variable are respectively implemented.
Handling the prediction for discrete state variable can actually be: the summation mentioned above can be turned into arithmetic of matrices. We use P to denote the state transition probability matrix. P consists of n rows and n columns, where n is equal to the number of possible states. A cell of P, p ij , is P(X t+1 = j | X t = i), that is, the probability of transition from state i to state j. One thing to be noticed is that if a certain state did not appear in the historical data, its relative cells will be zero and the Markov process will never transit to that state using the computed transition matrix. If the training data is large enough, we can plus one to each count to avoid this problem. After obtaining the transition matrix, the probability distribution of time t+1 is the probability distribution of time t multiplied by the transition matrix.
For continuous state variable, the transition matrix could no longer be used, since the value of continuous variable cannot be iterated. In fact, an approximate distribution for the state variable and an appropriate function form to model relationship between neighboring states should be chosen. Hence, the popular linear Gaussian model [14] , [15] is used to analyze a single state variable to demonstrate learning and prediction for continuous state variable. For more than one variable, joint distribution to substitute single variable distribution could be used. The linear Gaussian model could also be substituted by other function and distribution models and the prediction process will be similar.
The In this way, the trend of each element in templates is worked out and the trend templates can be generated by DCMS. The Fig. 6 is the trend template of Macao industries in 2014 generated on the basis of historical templates from 2002 to 2012.
By adjusting historical track of some relevant elements as per the correlation analysis on historical templates, and re-computing the trend templates with re-studying them, the experts can see what will happen to trend if some actions/policies are employed. For example, in the Sect. 3, we knew that the gambling revenue will be going down to 20747.6 million Macao dollars when the "free tourist" narrows around 11985.6 thousands. What will be the overall status if the "free tourist" is narrowing for several years? The expert may repeatedly deduce the trend templates to look into the effects of different actions/policies.
Conclusion
With help of the integrated methodology and support by DCMS, the experts can take advantage of the visual, distributed history/trend templates to research and analyze the following questions: What's the historical status of the problem (rank of elements, etc.)? What are the different judgments from different experts and teams? How are the elements related in templates? What are the direct and indirect relations hidden in historical and trend templates? What future status will be caused by a given action/policy? Furthermore, what is the trend of the overall and the partial status (e.g. all or part of indices of Macao) respectively? Which trend is correlated with which other trends (by correlation analysis on trend templates)? The integrated supporting from DCMS can help the experts to answer these questions, not only qualitatively, but also quantitatively in most cases.
In the future works, we will make use of the huge historical data of Macao (many indices were available from 1970's), enabling more hidden information among historical templates to be mined and trend templates with different indices over different period to be deduced. As a result, the past/future social/economic status of Macao will be addressed effectively by DCMS. We may also apply the methodology towards other problems with enough statistical data (for instance, other city's data) to verify the effectiveness of DCMS.
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